Nowadays, rapid urbanization causes a wide-range of congestion and pollution in megacities worldwide, which bears an urgent need for micromobility solutions such as electric scooters (e-scooter). Many e-scooter firms use freelancers to charge the scooter where they compete to collect and charge the e-scooters at their homes. This competition leads the chargers to travel long distances to collect e-scooters. In this paper, we developed a mixed-integer linear programming (MILP) model for a real-world e-scooter-Chargers Allocation (ESCA) problem. The proposed model allocates the e-scooters to the chargers with an emphasis on minimizing the chargers' average travelled distance to collect the e-scooters. The MILP returns optimal solutions in most cases; however, the ESCA is identified as a generalized assignment problem which classifies as an NP-complete combinatorial optimization problem. Moreover, we modelled the charging problem as a game between two sets of disjoint players, namely e-scooters and chargers. Then we adapted the college admission algorithm (ACA) to solve the ESCA problem. For the sake of comparison, we applied the black hole optimizer (BHO) algorithm to solve this problem using small and medium cases. The experimental results show that the ACA solutions are close to the optimal solutions obtained by the MILP. Furthermore, the BHO solutions are not as good as the ACA solutions, but the ACA solution consumes more time to solve large-scale real cases. Based on the obtained results, we recommend applying the ACA1 to find the near-optimal solution for large-scale instances, as the MILP is inapplicable to find the exact solution in comparison.
I. INTRODUCTION
Nowadays, transportation systems are an important part of human activities. In recent years the dependency of people on the transportation system has increased. Currently, an average of 40 per cent of the world's population spends at least 1 hour on the road each day. As the dependency of people on transportation systems increases, these systems face several challenges. Congestion is one of these challenges facing transportation systems and has a direct impact on people. Firstly Congestion has an environmental impact where it increases fuel consumption and consequently, air pollution [1] . Congestion is also one of the major factors influencing emissions. It increases the emission by 40% at 45 km/h [2] .
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Lastly, congestion increases travel time and wastes commuters' time. The annual hours spent in road congestion in the UK, Belgium, Italy, Luxembourg and Greece are 45.73, 39.37, 37.36, 36.88 and 36.28 respectively; thus, costing the EU nearly EUR 100 billion, or 1% of the EU's annual GDP. The situation in Australia is no better than Europe, average driving speeds in the big Australian cities have significantly dropped. For example, the speeds in Sydney, Brisbane and Melbourne fell by 3.6 per cent, 3.7 per cent and 8.2 per cent respectively. Moreover, congestion cost the Australian economy $16.5 billion in 2015 and is expected to reach between $27.7 and $37.3 billion by 2030 [3] .
The above numbers suggest that there is a real need to find solutions to reduce traffic congestion and enhance transportation safety. Most of the traditional solutions tend to build new infrastructure. As a result, these solutions need land resources VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ FIGURE 1. Comparison of trips taken by station-based, dockless, and scooter systems (source: https://nacto.org/shared-micromobility-2018/). and significant funding and pose social and environmental problems. Recent studies have shown that drivers tend to use their personal cars or even the ridesharing services for short trips more than long ones [4] . According to the US Department of transportation 2017, 45.6 per cent of the trip distances is three miles or less. In Australia, the distribution of the commuting distance for Australians shows that 29 per cent of the trips are less than 5 km and 50 per cent of the trips are 10 km or less [5] . For the ridesharing services, the trip distances of Uber is skewed toward the low end. Meaning Uber trips are more likely to be short (< 5 mi). Consequently, around 50% of Uber trips might be replaced by micro-transportation modes such as a bike or e-scooter sharing systems, and thus, reducing congestion and emissions. As an effort by governments to replace short trips by offering micro-transportation modes, bike-sharing systems (BSSs) have been introduced in over 50 countries [6] . This system aims to encourage people to travel via bike by distributing bicycles from stations located across an area of service. Residents and visitors can borrow a bike from any station and then return it to any station near their destination. Yet, the imbalance problem has happened where some of the stations run empty, and others become full. In response, a new micro-transportation mode: the e-scooter-sharing system has emerged side-by-side to the bike-sharing system and bloomed remarkably in 2018, as shown in Figure 1 . This system works similarly as the BSS, yet it provides more flexibility to users as it is the station-less system. Since 2017, e-scooter sharing system reached more than 85 city schemes with more than 1.8 million registered users [7] . These e-scooters need charging in order to continue in service. There is no assignment of e-scooters to the chargers and the state of practice is based on first come first serve which creates competition, increases violence and results in travelling longer distances to collect e-scooters.
As the system has expanded remarkably, keeping the e-scooters charged to become a challenge for the operators. Consequently, many companies took advantage of technology and promoted a new model where e-scooters are made available through an application for the public and charging of these e-scooters are under the responsibility of ''chargers'' who are participants remunerated depending on specific conditions. The task of the charger is locating e-scooters which needs charging on the app, driving to the e-scooters locations for pick up, and charging at home. This job sounds easy; however, it is not, and it has two major problems.
Firstly, freelance chargers spend a long time searching for the e-scooters because of the inaccuracy of the locations of the e-scooters on the app, which does not correspond to its location in real life [8] . Moreover, the current state-ofpractice to charge e-scooters is based on the first-come, firstserve. It has been reported by chargers that they showed up to collect an e-scooter at the same time when others did the same [9] . This strategy encourages competition among chargers and may lead to physical violence [10] .
Secondly, the chargers are independent contractors as defined by the gig economy, which describes the peer-to-peer arrangement between the e-scooter company and the charger. Although this gig economy offers flexibility and freedom to the chargers, there is no grantee for minimum wage and maximum hours [4] , [11] .
To the best of our knowledge, we are among the first to propose a solution to this problem. So, there are no previous published papers that address such an e-scooters/chargers assignment. In this paper, we hypothesize that if we produce an optimal assignment of the e-scooters to the chargers then, the competition and possible physical violence will be eliminated. Where we assumed that, the proposed assignment algorithm/model will run on a central computer at the e-scooters' operator data center. This central computer is fed with the locations of the e-scooters needing charging and the chargers.
Using locations of the e-scooters and the chargers the distance matrix between e-scooters and chargers can be calculated using google API or any similar software. Consequently the assignment problem is solved and each group of e-scooters (i.e. unique IDs) are assigned to a charger (i.e. unique ID as well). Therefore, the central computer communicate with the charger mobile application and give it the e-scooters IDs and locations. Now it is the responsibility of charger to travel to the e-scooters locations. Once he reaches an e-scooter location he scans the e-scooter ID using his mobile application. Then, the application matches the e-scooter ID with the assigned e-scooters IDs. If the application found a match then it unlocks the e-scooter and the charger take it for charging otherwise it displays a message informing him this is the wrong e-scooter. So, there is no competition since the application only unlock the assigned e-scooter and the chargers know no one else can take his assigned e-scooter for charging.
Moreover, it can reduce the cost of the e-scooters' charging and the renting cost at the same time, and increase the hourly rate of the charger. To confirm our hypothesis, the e-scooter-Chargers Allocation (ESCA) Problem is formulated as a mixed-integer linear programming (MILP) model. Because of the time complexity of the MILP, we adopted two other algorithms, namely the ACA and the BHO, which has polynomial complexity [12] , [13] . Consequently, we compared the solutions of the ESCA using the three approaches and recommended ACA for large instances.
The remainder of the paper is organized as follows. The mathematical formulation is given in Section II. Heuristic algorithms to solve the proposed problem are developed in Section III. The experimental work is presented in Section IV. Finally, the concluding remarks are drawn in Section V.
II. MATHEMATICAL FORMULATION
The assignment problem is common in the fields related to the network flow theory. The standard assignment problem is to determine an optimal assignment of assigning n jobs and n individuals using the cost or profit as an objective function. In this problem, any individual can be assigned to perform any job, including some costs and profit that may vary depending on individual-job assignment. In addition, each has a budget, and the sum of tasks assigned to it cannot exceed this budget. It is necessary to find an assignment in which all individuals do not exceed their budget, and the total profit of the assignment is maximized. In this paper, we adopt an extended assignment problem to be applicable for the e-scooters and chargers assignment problem by assigning each charger (individual) to some e-scooters (jobs) under a group of constraints.
The capacitated facility location (CFL) problem is a classical optimization problem for determining the potential sites in order to minimise costs, where demands at several points must be satisfied by the established facilities under limited capacity. The local search techniques and hybrid algorithms have been proposed to solve the CFL problem for many real applications [20] , [22] , [23] . Furthermore, the k-median problem is another example of facility location problems, where seeking to establish k facilities, without considering fixed costs. The k-median problem is applicable for many real applications and heuristic algorithms are used to obtain good solutions. [20] , [21] , [24] .
The ESCA problem is formulated mathematically as a MILP model to optimize the number of chargers, the e-scooter allocation for each charger and freelance chargers' location with a particular emphasis on the associated costs. The extended model will consider the optimal e-scooters assignment for each charger to minimize the total cost. The charger is joined at locations with high charging potential based on demand and distance between charger and e-scooter. In the proposed model, optimizing the number of chargers in the system can lead to increase the hourly rate of each charger. For that reason, we added a penalty term in the objective function to restrict the number of new chargers that will join to meet the requirements for the number of e-scooters. Figure 2 shows the proposed framework of the ESCA based on different types of data and optimization methods to minimizing the associated costs and solving the allocation problem for small and large-scale size real cases. The proposed framework includes five stages that inherited in data Centre, operator management and best assignment dataset. The data centre includes data collection, data cleaning and filtering, while best assignment dataset includes output and final solutions, and minimum associated costs. The operator is managing the data processing with the proposed models and methodologies.
In this paper, we suppose that there is one charger which starts the service at a location. Multiple chargers can be deployed from different close points but not the same point at a location.
Also, we assumed that the e-scooter operators only provide six chargers per person hence the maximum number a person can collect is six. So if a certain location (block) has more than six e-scooters need charging the model will deploy more than one charger as shown in the illustration below in Figure 3 .
Consider the complete graph G = (N , A), where N is the set of nodes with two subsets V and S; V ⊆ N and
to be the route network, and N is the number of locations. V is the total number of e-scooters in the system and S is the total number of chargers in the system. Optimizing the number of chargers and their locations with producing an optimal e-scooters assignment to a charger is the main aim of this model. Let z ik ∈ {0, 1} be 1 if e-scooter located at node i is allocated to a charger located at node k and 0 otherwise. Based on N of set nodes (Locations), y kk means a specific location is assigned for a charger. In particular, y kk = 1 implies that the location at node k is selected as a charger. We assumed in the proposed model that one charger will start the service at a location; however, many chargers can be deployed from different close points (locations), but not the same point. 
Indices and Sets
z ik =      1 : e-scooterihasbeenassignedtochargerk; i = 1 . . . V andk = 1 . . . S 0 : otherwise y kk =                1 : charger k is ready to work at a specific location; k = 1 . . . S 0 : otherwise
Objective function
The objective function in Equation (1) is to minimize the associated costs for the e-scooter charging. The developed equation demonstrates two terms of costs; the distances from the e-scooter location to the charger location, and the penalties of joining new chargers. The joining penalties term has been identified in the objective function to optimise number of chargers in the systems and increase the number of assigned e-scooters for each charger considering the maximum number of assigned e-scooters for each charger. Consequently, optimizing the number of chargers can lead to an increase in the hourly rate for a charger who are already in the system by assigning mostly the maximum number of e-scooters is (6) that has been identified in advance based on practices. In the objective function, the costs included the distances and penalty of adding each charger. We chose the magnitude of the b_k such that it is close to the longest link in the graph. Thus we do not need to do normalization.
Constraints
Constraints (2) impose that each e-scooter i is assigned to exactly one charger k;
Constraints (3) ensure that no e-scooter i is assigned to a charger k unless a charger is ready to work at a specific location.
Constraints (4) ensure that the total costs of joining S chargers are less than the total investment B, where the cost of each charger k is b k .The penalty of joining new charger, b k is given in advance.
Constraints (5) ensure the assigned number of e-scooters to open charger k is less than the maximum number of assigned e-scooters for this charger. In the next sections, the maximum number of scooters will be found based on the historical data for Brisbane city. In this case, the maximum assigned number of e-scooters for each charger is six to give a fair hourly rate for chargers based on practices.
Constraints (6) ensure that the assignment decision will result in either no assignment, Z ik = 0, or assignment, z ik = 1.
III. METHODS
The developed MILP model is solved to find the exact solution of the ESCA problem using the Branch and Bound method [14] . However, as the ESCA problem is NP-hard, the mathematical programming will be used to solve smallsize cases but intractable to handle large-size case studies. As a result, two algorithms are proposed to solve large-size instances. The exact solution obtained by the MILP model will be used to test the performance of the other proposed algorithms. The real case study will be solved using the developed MILP model, which we restricted its running time to a maximum of two hours. We compare solutions obtained from the MILP to the ACA and BHO solutions.
The hyper-parameters of the Heuristic algorithms is critical, time consuming and may change based on the size of the problem and distribution of distances. So that we chose the heuristics which has small number of hyper-parameters.
In the case of the ACA, there is no hyper-parameters at all which make it a great choice for us. In the case of the BHO, the number of the hyper-parameters is small which made it easy for us to find a good values for the hyper-parameters.
A. ACA ALGORITHM
The ACA algorithm is developed based on the college admission (CA) algorithm to formulate the ESCA problem. The CA problem is many to one matching algorithm [13] . In the context of ESCA Problem, there are two sets of players, namely the chargers (colleges) and the e-scooters (students) that need to be matched, as shown in Figure Each charger builds a preference list (ranked list) of the e-scooters based on the distance, where the most preferred e-scooter is the nearest one.
Similarly, each e-scooter builds a preference list of chargers based on the distance. However, the e-scooters operator can choose any criteria such as the charging price per e-scooter requested by the charger. The best-qualified e-scooters are offered to charge first, followed by the lesserqualified e-scooters. The ACA algorithm finds a stable matching solution through a series of iterations, as described in Table 1 . At each iteration, the chargers offer to charge the best-qualified e-scooters, and the e-scooters have to reply by either deferred accepting the offer or not. Deferred accepting means that the e-scooter will ''holds'' the most preferred proposal (deferred acceptance) if it receives more than one proposal. In other words, the e-scooter uses his own preference list to compare the incoming proposals from the chargers and hold its most preferred proposal. In the next iteration, if that e-scooter received a better proposal than the current match (deferred acceptance), it breaks the tie with the old match and holds the better proposal. At the end of the iteration, some e-scooters have temporary assigned to chargers, and others do not. Chargers then update their list accordingly in the next iteration and offer to charge to e-scooters who did not receive an offer in the previous iterations, regardless of whether they are assigned to other chargers or not. The e-scooters' lists do not change, but e-scooters can change their decision at each iteration if they are offered to charge service with a better charger. The algorithm continues iterating until it reaches a stable matching solution.
The idea of stability of the solution which means that there is no blocking pair of (charger C, e-scooter b). If there are two e-scooters a and b who are assigned to chargers C and D, respectively, although b prefers C to D and C prefers b to a then the pair (charger C, e-scooter b) is blocking and the solution is unstable.
In ACA, the stable matching solution is not a grantee to be optimal. However the solution is still good. The advantage of the ACA algorithm:
1-It has O(VS), where V is the total number of e-scooters in the system and S is the total number of chargers.
2-This algorithm allows each charger and each e-scooter to have its preference list. Each preference list could be built based on different criteria. For example, in future work we will allow e-scooters to build their preference list of chargers based on how much they are asking to charge an e-scooter. At the same time we will allow chargers to build their preference list of e-scooters based on distance.
3-It does not suffer from comparing different quantities such as money and distance because at the end the matching is done based on the preference list which is rank-based list.
Recall that, the complexity of this matching algorithm is (VS) given that the preference lists are constructed. This algorithm can consider any other factors during constructing preference lists such as the charging costs and the battery level. Moreover, in the case of S > V /6, we can use the above algorithm to select a good subset of chargers and assign the e-scooters to this subset, where we assume the charger can collect six e-scooters. The cardinality of this subset of chargers is V /6 where is the ceiling function maps V /6 to the least integer greater than or equal to V /6. We can do the subset selection and assignment by running the above algorithm using the full set of the chargers until the best match achieved. Consequently, we sort the charger based on the number of assigned e-scooters and remove that charger that has the least number of assigned e-scooter. Then, we run the algorithm again using the new reduced set of chargers. We repeat the matching and removing steps until we reach the desired several chargers.
B. OTHER RECOMMENDATIONS
The BHO algorithm is an optimization algorithm inspired by the black holes found in deep space [15] . The first step of the BHO is selecting a large number of solutions at random points in the search space. The algorithm evaluates the initial solutions using the objective function, naming the best solution the ''black hole'' and the other solutions ''stars.'' At each iteration, the algorithm moves the stars randomly toward the black hole and re-evaluates the cost associated with each new star. If a star has a cost better than the black hole, it becomes the new black hole, and the old black hole turns into a star. If a star gets close to the black hole, it is removed from the solutions population, and another one is randomly generated. The BHO keeps iterating until a stopping criterion is reached.
In this paper, we used the BHO to assign the e-scooters to the chargers. We divide the set of e-scooters G into smaller sets {g 1 , g 2 , . . . ,g p }, where g 1 ∪g 2 , . . . , ∪g p = G and |g i | ≤ 6 for ∀i. The number of the small subset equals or less than the number of chargers. The algorithm is initialized by randomly generating a large number of initial solutions. Each initial solution is a random permutation of the e-scooters. If the number of e-scooters is less than the number of the chargers multiplied by six, then each initial solution will be padded with zeros at random locations. Such that the length of each initial solution will be six multiplied by the number of the chargers. We evaluate each solution by dividing it into p contiguous sub-vectors, where the length of each subvector equals six. The cost of each solution is computed using objective function (1) that includes two costs; the distances from the e-scooter location to the charger location, and the costs of joining new chargers. The main procedure of the BHO is detailed below in Table 2 .
The BHO assigns the black hole role to the solution that has the lowest cost, while other solutions become stars. Then the following is applied to each star, Figure 5 : Then the BHO randomly chooses one of these eight locations and makes it identical to the same location as the black hole. The change is done such that each e-scooter appears in only one location on the modified ST J .
After the four steps of the BHO are applied to each star in the population, all the costs are re-evaluated and a new black hole, having the lowest cost, is selected for the next iteration. The BHO continues until the stopping criterion is satisfied.
After BHO stop, we examine the best solution, where we may have two sets of chargers; a complete and incomplete set.
Definition 1: a complete set of chargers is a set that includes at most one charger who is assigned less than six e-scooters.
Definition 2: an incomplete set of chargers is a set that includes more than one chargers who is assigned less than six e-scooters.
If the best solution doesn't have an incomplete set, then this solution is the final one. Otherwise, we need to reduce the number of chargers by keeping the complete chargers of the solutions and try all possible swaps of the e-scooters between the incomplete chargers. In this way, we create from the best solution many other solutions which will be the initial solutions for another BHO run to find a fine-tuned solution.
In the BHO algorithm, a grid search approach to set up these hyper parameters such as the size of the initial population. A grid search approach iterates through BHO parameter combination to find the best parameters to use. Although gridsearching is simple but it can be computationally expensive if the number of the hyper-parameters is large.
C. ALGORITHMS ACA1 AND HYBRID ACA-BHO FOR LARGE INSTANCES
As shown in the experimental work section, the proposed solution methods of the mathematical model (MILP) provide the best results in most cases. However, the generalized assignment problem is identified as NP-complete problem combinatorial optimization problem, [19] . So for large scale instances, the model implementations take longer time than the time accepted by the e-scooter operator. On the other hand, the adapted college admission algorithm returns a good solution in most of the instances. Moreover, in the case of large instances, its computational time is relatively smaller than the mathematical model. The drawback of the ACA is selecting a subset of chargers by running the ACA algorithm to find the stable match between the e-scooters and the chargers then eliminates the charger which has the least number of assigned e-scooters. This procedure continued until the required number of chargers is achieved. For example, if there are 90 e-scooters need charging and there are 30 chargers available. Because each charger can collect up to six e-scooters. So, we need 15 chargers out of the 30 chargers. In order to choose the 15 chargers and assign the e-scooters to them, we start by matching the 90 e-scooters to 30 chargers then we eliminate the charger which is assigned the minimum number of e-scooters. Consequently, we match the 90 e-scooters to the remaining 29 chargers and again eliminate one charger. Therefore, we alternate between matching and eliminating until we reach the required number of chargers and their assigned e-scooters. In this example, we run the matching 16 times to reach the assignment solution. For the instances where we have a larger number of chargers M to choose from them a smaller set of chargers m, we proposed a modification to the ACA1 as shown in Table 3 .
ACA1 estimates the expected marginal cost of each charger in step nine and then finds the best s chargers based on this estimated cost. Finally, in step twelve, we run the matching algorithm once to find the final matching/assignment of the e-scooters.
For the sake of completeness, we proposed hybrid ACA-BHA, which uses the BHA to solve large instances with a simple modification. This modification is improving some of the initial solutions at the hope this will lead to a better final solution. Table 4 shows the hybrid ACA-BHA
IV. EXPERIMENTAL WORK
To compare the model with the college-based algorithm and the black hole based algorithm, we used two different datasets. The first dataset is simulated data where we randomly generate the coordinates of the e-scooters and the chargers according to uniform distribution inside a square that has an area of 25 km^2. In the simulation data, the distances between e-scooters and chargers are Euclidean distances. The second dataset consists of 12 small and medium-size benchmark instances and ten large size benchmark instances [17] , [18] . The benchmark instances are real world instances and the distances between the e-scooters and chargers are calculated using road network.
In each instance, we assume the following; 1-There is only one e-scooter at each location. 2-The chargers are initially located at the e-scooters. In other words, if we assume there are M chargers at different locations, then the first M e-scooters are positioned at the same chargers' locations. The experimental work consists of three steps. In the first step, we compared the solution of the proposed mathematical model and the other two algorithms using the simulated dataset. The comparison is made in terms of the total travelled distance of all the chargers, and the average travelled distance of the chargers to collect six e-scooters. In the second step, based on the comparison measures, we selected the best two out of the MILP, ACA and BHO. Then we tested the selected methods using the small and medium-size instances using the same measures plus the running time. In the third step, we again tested the two selected methods plus algorithm 1 and algorithm two using the large instances hoping that algorithm 1 and algorithm 2 run in less time and return good quality solutions. The PC used to solve these simulated and realworld instances has Intel R Core TM i7-8650 CPU @ 1.90 GHz 2.11 GHz and 16.0 GB RAM. The MILP was solved using the ''intlinprog'' MATLAB function. We coded the other algorithms in MATLAB.
A. THE SIMULATED DATASET
We simulated four scenarios. In the first scenario, the number of e-scooters needing charging is 120, and the number of chargers is 20. In the second, third and fourth scenarios, we increase the number of chargers while keeping the number of e-scooters unchanged. In all scenarios, the allowed maximum number of collected e-scooters per charger is six that have been identified to give a fair hourly rate for chargers based on practices.
To capture the stochastic nature of the average travelled distance, each scenario has been repeated 100 times, and the histogram and the total travelled distance by all chargers and mean of the travelled distance for a charger are estimated. We should mention that in the current state of practice, there is no assignment and a charger can visit an e-scooter's location and do not find it because another charger collected it before him. On the other side using the proposed assignment model and algorithms fulfil that;
There is no competition between chargers at the time of collecting e-scooters, and hence the charger only visited six locations to collect the e-scooters. The proposed assignment approaches are based on distance, and hence, the six assigned e-scooters are clustered, and average travelled distance will be reduced.
We calculated the total, and the average travel distance for the three proposed approaches for each scenario for each of the 100 randomly generated a dataset of the e-scooters and chargers locations. Figure 6 shows the histograms of the total travelled distance for the four scenarios. As shown in the figure, in each scenario, the BHO histogram is well separated from the MILP algorithm while the ACA histogram is close to the MILP histogram. Table 5 shows compare the three approaches. It is obvious that increasing the number of chargers improves the total travelled distance because the program has more options. For the black hole based algorithm, this trend is not as clear as in the case of the mathematical model and the college admission based algorithm.
As shown in Table 5 , ACA algorithm solutions are close to the solutions of the MILP model using the ''intlinprog'' MATLAB function. As a result, the ACA and MILP techniques will be used in the Section below to solve real-world benchmark instances at a different number of chargers.
B. THE SIMULATED DATASET
In this section, we used 12 real-world benchmark instances. The size of the instances varies from 13 to 116. TABLE shows the same trend. Increasing the number of the available chargers gives a better solution because we have the chance of selecting a better subset of chargers. Furthermore, we observed that the solution obtained using the ACA algorithm is close to the MILP solution. So that ACA would provide good solutions for the prospective large instances based on its polynomial complexity.
C. THE SIMULATED DATASET
In this section, we used ten real-world benchmark instances. The size of the instances varies from 150 to 564. TABLE 8 shows a comparison of the four approaches.
From this table we observe the following; 1-The ''intlinprog'' MATLAB function researches its preset maximum running time in many instances before researching the optimal solution. 2-For many large instances, ACA found good solutions in a short time compared to the function solving the MILP. 3-In some instances, ACA found a better solution better than the MILP solver. This is because the MILP is solved based on MATLAB heuristic function, (i.e. ''intlinprog''). The overall algorithm of this function depends on using cut generation to tighten the LP relaxation of MILP, then using the branch-andbound heuristic to find an upper bound on the objective function and feasible solution. The branch and bound methods produce a sequence of sub-problems that try to converge to a solution of the MILP. The sub-problems provide a sequence of upper and lower bounds on the solution of the given objective function. The first upper bound is any feasible solution, and the first lower bound is the solution to the relaxed problem. 4-The running time (i.e. CPU time) of MILP for small cases is shorter than the proposed algorithm; however, the MILP starts to increase exponentially more than the proposed algorithms for large scale size problems. So, the proposed algorithms are more suitable in case of solving large size sale problems. 5-Algorithm 1 is good in terms of time compared to ACA.
Its running time for very large instances is better than the ACA, but its solution quality is not as good as the ACA. 6-Algorithm 2 is not an option to solve this problem because of its solution quality and running time.
In order to get a better idea of how these algorithms are performing in terms of the total travelled distance in Table 8 , we did statistical comparison between these algorithms. The analysis should consider the dependency between the observations. In other words, we should realize that the total distances of different algorithms solutions for the same instance are correlated. Therefore, we used a generalized linear mixedeffects model to explain the variability of the total distance as a function of the algorithm used and the number of available chargers. We used three indicator variables to code the four algorithms. We set MILP as the baseline.
As shown in For the sake of completeness, we used google maps to generate a toy example. Consequently, we used Google directions API to calculate the distance matrix of the chargers and e-scooter.
Finally, we solved this toy example using the mathematical model and visualized the optimal assignment based on the calculated distance matrix returned by Google directions API in Figure 7 .
As shown in the paper and the statistical analysis above ACA provides good solutions in a short time. Recall that;
1-The e-scooters/chargers assignment needs solution more than once a day 2-The key point here is finding a good solution in a short time to this e-scooters/chargers assignment problem. 3-ACA is based on the college admission algorithm which is hyper-parameters free algorithm. So it is easy for the operator to run it. 4-As defined by [13] ''A stable assignment is called optimal if every applicant is at least as well off under it as under any other stable assignment.''. Moreover, the mentioned ''Thus the principles of stability and optimality will, when the existence questions are settled, lead us to a unique ''best'' method of assignment''. So based on that, we will advise the operator to Run ACA to find the first stable solution then break the tie between one pair and find another stable solution. The operator repeats this breaking and matching several times to find many stable solutions and then find the best.
V. CONCLUSION
This paper investigates the ESCA problem to minimize the associated costs by optimizing the e-scooter allocation for each charger and chargers location. The MILP formulation model is developed with two adapted algorithms to solve the ESCA problem. The ESCA problem is an NP-hard combinatorial optimization problem. The proposed MILP was formulated to solve the small case study and compare with the two adapted algorithms (i.e., ACA and BHO) for testing the performance of these two algorithms. The results of the simulated dataset show that the ACA solutions are better than the BHO in solving medium-and large-scale real-world instances. These instances vary in size from 150 to 564. Moreover, we proposed a method to speed up the ACA and yield good quality solutions as well. In computational experiments, 22 small-scale instances are used for the comparisons of the exact solutions by MILP with those of the ACA algorithm, which points out that ACA is much more efficient than the MILP method. For the large scale size real cases, the results proved that ACA1 is more efficient than other algorithms based the accuracy of the solutions and implementation times. Successful application of this approach can help the e-scooter companies to meet the customer's demand with considering the renting cost, and at the same time, increase the hourly rate of the charger. Future research will investigate:
1-How to generalize the model to ensure it is broadly applicable based on the collected real data from too many areas in Australia such as Queensland.
2-How to find the good solution (i.e. near optimal solution) for large e-scooters operators who may need to solve this problem for thousands of e-scooters 3-The current solution to the problem does not consider the inaccuracy of the e-scooters positions so we will work on improving the solutions by developing a scholastic approach considering the uncertainties in e-scooters positions.
4-Our solution assumes that the chargers will accept the assignment solution which maybe not the case. Thus a fuzzy logic-based solution will be developed to address the uncertainty of accepting the solution by the chargers.
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